Soil health (Sh) refers to the ability of a soil to function and provide ecosystem services. The Comprehensive Assessment of Soil health (CASh) is an approach that measures 15 physical, biological, and chemical soil indicators, which are interpreted through scoring functions. This study reports on the Sh status of 5767 samples from the mid-Atlantic, midwest, and northeast regions of the uSA as evaluated using CASh. descriptive statistics and AnOvAs of subdatasets by region and soil textural group for Sh indicators, in addition to correlation coefficients, principal component (pC) analysis, and best subsets regression (BSr) were performed. from these analyses, new CASh scoring functions were developed. Separate scoring functions by textural group (fine, medium, coarse) were necessary for Wet Aggregate Stability (WAS), Available Water Capacity (AWS), Organic matter (Om), Active Carbon (AC), and protein. differences existed among regions, especially for WAS, Om, protein, and respiration (resp), where the midwest had relatively lower mean values compared to the mid-Atlantic and northeast. Biological properties and WAS showed moderately strong correlations (r = 0.58-0.78) and the highest loadings for the first two pCs. BSr results using the overall soil quality index as the response variable indicated that AC accounts for 45% of the variation, with additional predictability from penetration resistance, resp, and WAS (68%). These four indicators are suggested for simplified Sh tests. We conclude that the CASh approach can be successfully applied to evaluate the health status of soils with differing pedogenetic histories. C onceptually, soil health (SH) represents the emerging understanding of soil quality. Both terms refer to the ability of a soil to function and provide ecosystem services based on its inherent characteristics (e.g., texture, mineralogy) and environmental conditions (Karlen et al., 1997; Andrews et al., 2004; Idowu et al., 2009) . A soil's health status, within the context of land use and management goals, however, is consistent with the understanding of soils as a dynamic, complex, and living system (Doran and Zeiss, 2000) . Intensive agriculture and poor land management practices have led to widespread soil degradation associated with increasing topsoil erosion, nutrient depletion, pollution, compaction, and loss of organic matter (Matson et al., 1997) . A sustainable future with an ever-growing global population depends on healthy, well-functioning soils, which increase water and air quality, sup- 
C onceptually, soil health (SH) represents the emerging understanding of soil quality. Both terms refer to the ability of a soil to function and provide ecosystem services based on its inherent characteristics (e.g., texture, mineralogy) and environmental conditions (Karlen et al., 1997; Andrews et al., 2004; Idowu et al., 2009) . A soil's health status, within the context of land use and management goals, however, is consistent with the understanding of soils as a dynamic, complex, and living system (Doran and Zeiss, 2000) . Intensive agriculture and poor land management practices have led to widespread soil degradation associated with increasing topsoil erosion, nutrient depletion, pollution, compaction, and loss of organic matter (Matson et al., 1997) . A sustainable future with an ever-growing global population depends on healthy, well-functioning soils, which increase water and air quality, sup-port human health and habitation, and sustain plant and animal productivity (Karlen et al., 2003) .
The assessment of soil health over time is recognized as a primary indicator of sustainable land management (Karlen et al., 1997) . It expands on traditional soil testing, which has largely focused on the measurement of chemical soil properties (i.e., soil pH and nutrient contents) to evaluate soil fertility (Karlen et al., 2003; Moebius-Clune et al., 2016) . This approach has proven useful for increasing agricultural production, but the narrow chemical focus has been a contributor to physical and biological soil degradation (Tilman et al., 2002; Andrews and Carroll, 2001; Karlen et al., 1997) . The inadequacy of this conventional approach spurred the development of a more comprehensive assessment of soil health that evaluates multiple physical, biological, and chemical soil properties, or indicators, with an emphasis on those that are most sensitive to land management practices and correlated to ecosystem processes (Karlen et al., 2003) .
The Soil Management Assessment Framework (SMAF; Andrews et al., 2004 ) is a tool originally developed to evaluate how land management practices impact soil functioning. The SMAF proposes a three-step process, including (i) selection of a minimum data set of relevant soil health indicators, (ii) interpretation of measured indicator values using scoring functions, and (iii) integration of indicator scores into an overall soil health index. The projected range of values for each indicator is interpreted with consideration of local environmental conditions (e.g., precipitation, temperature, etc.), land use goals, and inherent soil properties (Andrews et al., 2004) . Using knowledge of the relationship between indicators and the relevant soil function(s), scoring functions are developed to translate measured indicator values into a unit-less score. The combination of all indicator scores into an additive index is meant to provide a single metric of overall soil health (Andrews et al., 2004; Granatstein and Bezdicek, 1992) .
The Comprehensive Assessment of Soil Health (CASH), initially referred to as the Cornell Soil Health Test (CSHT), was developed using the three-step process outlined for the SMAF. In the past decade, the CASH has been offered by the Cornell University Soil Health Lab (CSHL) as a commercial-scale, userfriendly soil health test designed to directly cater to the applied needs of agricultural land managers and owners. It places primary emphasis on the identification of specific soil constraints in agroecosystems, thereby aiding in the selection of land management solutions to increase land productivity and minimize environmental impact (Idowu et al., 2009) .
The CASH approach was based on data collected from 700 agricultural soils sampled from long-term controlled research sites and commercial growers' fields in the Northeast United States. The utility of 39 potential indicators of physical, biological, and chemical soil health was initially evaluated using a number of considerations, including cost of analysis, relevance to soil functions and processes, sensitivity to land management, reproducibility of measurements, sampling requirements, and potential to be estimated by statistical correlation or sensors (Moebius-Clune et al., 2016) . Reflecting only minor changes since its release in 2006, fifteen soil health indicators have been selected for inclusion in the 2016 CASH.
The assessment of dynamic soil properties is complicated by the intrinsic, cross-scale heterogeneity of soils that results from differing modes of formation and anthropogenic influences (Karlen et al., 2003) . Although the CASH was originally calibrated for use with soils of the northeastern United States, it is increasingly used for other geographic regions. Numerous soil health studies have been conducted at the plot (Andrews and Carroll, 2001; Armenise et al., 2013; Idowu et al., 2009; de Paul Obade and Lal, 2014; Hussain et al., 1999) and landscape (Karlen et al., 2008; Svoray et al., 2015; Winowiecki et al., 2016) scales, but few at the regional or national levels (Brejda et al., 2000a; Brejda et al., 2000b; Brejda et al., 2000c; Schipper and Sparling, 2000) . Using the CASH database of 5767 samples, we performed multiple statistical analyses, including an investigation into differences in soil health among three US regions that represent distinct soils, climates, topographies, and land uses.
The objectives of this study were to use a large soil health dataset to (i) describe basic statistics of soil health indicators, (ii) investigate the multivariate relations among multiple soil health indicators, (iii) analyze regional soil health differences, and (iv) develop updated scoring functions for CASH indicators.
mATerIAlS And meThOdS

Sampling design
Data were compiled from all samples submitted for CASH analysis to the Cornell University Soil Health Laboratory (CSHL; Ithaca, NY) from 2007 to 2015. It was assumed that samples were collected from the 0-to 15-cm depth and composited by clients as per sampling guidelines (Moebius-Clune et al., 2016) . The CASH sample database is unique and large in its scope. However, it is comprised of soil samples that were passively received by the CSHL from many sources, and is not the product of a deliberate statistical sampling design. Therefore, it contains inherent biases, including geographical (i.e., greater representation of states in the Northeast United States). Due to client package options and the delayed phase-in of some indicators (i.e., Prot and Resp), there is some variation in total sample size among measured indicators. Beginning in 2014, however, all soil samples submitted to the CSHL have been evaluated for texture, WAS, Resp, OM, and chemical properties.
Quantification of Soil health Indicators
All laboratory measurements were performed on disturbed airdried soil sieved past 2 mm unless otherwise noted. Appropriate corrections for sample water content after air-drying were determined after drying overnight in an oven at 105°C.
Soil texture was assessed using a rapid quantitative method developed by Kettler et al. (2001) . A known weight of soil was dispersed with 3% hexametaphosphate [(NaPO 3 ) 6 ], and a combination of sieving and sedimentation steps was used to separate particle size fractions. For samples submitted for the most basic CASH package, texture was determined using the feel method as modified from Thien (1979) . Soil textural grouping (coarse, medium, or fine) was determined from the texture analysis. Sand, loamy sand, and sandy loam classes were considered as "coarse"; sandy clay loam, loam, silt loam, and silt as "medium", and sandy clay, clay loam, silty clay loam, silty clay, and clay as "fine" (Soil Survey Division Staff, 1993) .
physical Indicators
WAS was determined using a purpose-built rainfall simulator (0.59-m diam.) fitted with Teflon capillary microtubing and an adjustable Mariotte-type bubbling tube to control hydraulic pressure (Ogden et al., 1997; Moebius et al., 2007) . Approximately 30 g of dry soil aggregates (sieved past 0.25-2.00 mm) were evenly distributed on a 0.25-mm mesh sieve (200-mm diam.) and fitted above a filter funnel to collect slaked soil. From a distance of 0.5 m, samples received a total of 12.5 mm of reverse-osmosis water delivered as 4-mm drops over 300 s (1.9 J). The weight of slaked ('unstable') soil that fell through the sieve and into the filter was measured after oven drying at 105°C; this value was used to determine the proportion of water 'stable' aggregates remaining on the sieve by difference (Moebius-Clune et al., 2016; Moebius et al., 2007) .
For AWC, the difference between soil water content at field capacity (θ fc ) and permanent wilting point (θ pwp ) was assessed gravimetrically (g water g soil -1 ). Saturated soil subsamples were equilibrated to pressures of -10 kPa (θ fc ) and -1500 kPa (θ pwp ) for 7 d on ceramic high-pressure plates in air pressure chambers (Soil Moisture Equipment Corp., Goleta, CA; Topp et al., 1993; Reynolds and Topp, 2008) .
Penetration resistance (PR) measurements were collected in the field by clients using a penetrometer or soil compaction tester (DICKEY-john Corp., Auburn, IL). Maximum PR was recorded for the depths of 0-to 15-cm (PR15) and 15-to 45-cm (PR45). PR values were not adjusted for water content, but guidelines recommend that readings are taken near field capacity conditions (Duiker, 2002) .
Biological Indicators
Soil OM content was determined by measuring the sample loss on ignition (LOI) in a muffle furnace at 500°C after 2 h. The % LOI was converted to %OM using (Nelson and Sommers, 1996) :
Active Carbon (AC) was assessed as permanganate-oxidizable carbon, measured in duplicate by reacting a 2.5 g soil sample with 20 mL 0.02 M potassium permanganate (KMnO 4 ) solution (pH 7.2). Extracts were shaken (120 rpm, 2 min), then allowed to settle for exactly 8 min. An aliquot of solution was diluted 100 times before measurement for absorbance at 550 nm using a handheld spectrophotometer (Hach, Loveland, CO). Sample absorbance was calibrated with KMnO 4 standard curves and converted to mg AC per kg soil using the equation of Weil et al. (2003) .
Soil heterotrophic respiration (Resp) was measured after 4-d incubation in duplicate using methods modified from Haney and Haney (2010) and Zibilske (1994) . Soil sieved past 8 mm was weighed (20.0 g) into a perforated aluminum weighing boat that was put inside a glass jar sitting atop two staggered Whatman qualitative filter papers. A preassembled potassium hydroxide (KOH) trap (10 mL glass beaker adhered to a plastic stand) was placed onto the weighing boat and the beaker was filled with 9.0 mL 0.5 M KOH. Distilled water (7.5 mL) was pipetted into the jar along the side to facilitate rewetting of the sample via capillary rise. The amount of carbon dioxide (CO 2 ) respired and absorbed by the KOH trap over the course of incubation was determined by measuring the change in electrical conductivity (EC) of the solution with an Orion TM DuraProbe TM 4-Electrode Conductivity Cell (ThermoFisher Scientific, Inc., Waltham, MA; Wolf et al., 1952; Wollum and Gomez, 1970) . The necessary background correction for atmospheric CO 2 was quantified using blank (no soil) incubations.
Extractable protein (Prot) content of soil samples was determined by performing a neutral sodium citrate (pH 7) buffer extraction (Keen and Legrand, 1980; Wright and Upadhyaya, 1996) . Extracts were shaken (5 min, 180 rpm) then subjected to high pressure and temperature in an autoclave (121°C, 20 min). After cooling to room temperature, an aliquot of each extract was clarified by centrifugation (10,000 x g, 3 min). The quantity of extracted protein in solution was measured using the colorimetric bicinchoninic acid (BCA; Thermo Pierce, Waltham, MA) assay with a 96-well spectrophotometric plate reader (BioTek Inc., Winooski, VT; Walker, 2002) . Sample absorbance readings were calibrated using standard concentration curves of Bovine Serum Albumin.
The root health bioassay was performed by planting replicate snap beans (Phaseolus vulgaris L., 'Hystyle') in nursery cones filled with 4-mm sieved soil. Plants were grown in a greenhouse for 5 to 6 wk, where they received regular watering and 12 to 14 h of light per day (Abawi et al., 2004; Abawi and Widmer, 2000) . Once they had reached full flowering, plants were harvested and their roots were hand-washed using tap water. Cleaned roots were rated on a scale of 1 to 9, where lower ratings indicate a lack of and higher ratings indicate the strong presence of visible disease symptoms in hypocotyl and root (Abawi et al., 2004) .
Chemical Indicators
Soil pH was measured from a suspension of 1:1 water to soil (v/v) ratio using a six-channel robotic pH tester equipped with refillable, double junction glass bulb pH electrodes (LIGNIN, LLC, Albuquerque, NM). Macronutrients and micronutrients in soil samples (P, K, and Mg, Fe, Mn, Zn, respectively) were determined from a Modified Morgan (MM; ammonium acetate plus acetic acid, pH 4.8) extraction using an inductively coupled plasma (ICP) emission spectrometer (SPECTRO Analytical Instruments Inc., Mahwah, NJ). The MM solution is the weakest of the commonly used soil extractants (e.g., Mehlich-3, Bray-I, and Olsen) and is thought to better target the bioavailable fractions that are most relevant to ecosystem processes on short time scales.
Statistical methods
Initial database cleaning included removal of all samples having OM content greater than 10% (remaining n = 5767). Based on identification of the state from which they were submitted, samples were categorized into three U.S. regions for which there were sufficient sample sizes ( Fig. 1 and Table S1 ). These regions included ( . The Midwest region includes significant portions of the US primary grain belt, known for its deep soils, level or gently sloping topography, and high agricultural productivity. The Mid-Atlantic (nonglaciated) and Northeastern (glaciated) regions generally feature a higher diversity of landscapes and soils (USDA-NRCS, 2006), with most CASH samples derived from the productive agricultural areas. MI and OH samples (n = 674) were excluded from the regional analysis because they are located in MLRA transition areas, and could not be assigned with confidence to a specific physiographic region.
Descriptive statistics and analysis of variance (ANOVA) were performed on the full dataset (n = 5767) and three regional subdatasets by textural grouping (coarse, medium, fine) for all soil health indicators. Mean separation was computed using the Tukey posthoc test after a significant F-ratio (p < 0.05) was observed. Pearson correlation coefficients for physical, biological, and chemical indicators were calculated using the full dataset (n = 5767, all textures). Multivariate statistics were evaluated using a subset of the database, including only samples that had measured values for all fifteen indicators (n = 930) regardless of textural group or region (Prot and Resp were added to the CASH for 2014 and 2015, which limited the sample size for these indicators). Principal component analysis (PCA) was conducted on the standardized measured values (subtraction of the mean and division by the standard deviation) of all CASH indicators. The first two PCs were visualized in two-dimensional space, and soil health indicator property weighting in the eigenvectors were used to determine whether the observed trends could be summarized via major components. A Best Subsets Regression (BSR) was performed where the overall soil health index (see Section 2.4) was predicted using subsets of individual soil health indicator scores. All statistics were computed using Minitab 17 software (Minitab Inc., 2016) .
development of Soil health Indicator Scoring functions
Scoring functions are used to interpret measured physical and biological indicator values for the CASH. For all combinations of region and textural group, the Gaussian function was applied to parameterize the distribution of each dataset. Means and standard deviations for each indicator were calculated and used to determine the scoring function as a cumulative normal distribution (CND):
where p is the probability (between 0 and 1) that a measured value x will fall at a given position in the interval (+∞, -∞), and μ is the indicator mean and σ the standard deviation. The CND approach relies on the assumption of a representative dataset covering the full range of soil properties, so quantitative thresholds for indicator values are not directly linked to soil function or ecosystem services. The CND was multiplied by 100 to standardize scoring on a 0 to 100 scale, translating the measured laboratory value to a unitless score representing the percentile (i.e., the percentage of scores in the frequency distribution equal to or less than that value). Scoring assumes that the measured soil property follows a normal distribution, which was considered an appropriate starting point due to the lack of evidence indicating otherwise.
Although descriptive statistics were calculated for chemical indicators, scoring functions as in Eq.
[2] were not used as interpretations for pH and nutrient concentrations as they are interpreted based on existing soil fig. 1 . mid-Atlantic, midwest, and northeast regions of the united States as defined for this study. Comprehensive Assessment of Soil health (CASh) samples from each region were aggregated into subdatasets for regional comparisons of soil health status. fertility recommendation systems. The scoring of chemical indicators is described below.
The CASH Summary Report includes an overall soil health index, which represents the mean of physical and biological indicators and pH, P, and K scores (secondary and trace nutrients are combined into a single metric, as detailed below).
reSulTS And dISCuSSIOn dataset distribution
The CASH sample database included total sample numbers of 1889, 3605, and 273 for coarse, medium, and fine textural groups, respectively, and 420, 906, and 3762 samples (all textures) from the Mid-Atlantic, Midwest, and Northeast regions, respectively (Table S1 ). Statistical summaries of the CASH indicators by textural group are provided in Tables S2-4 . CASH indicators exhibited a wide range of values due to the large variety of samples included in the database (e.g., location, topography, climate, time of sampling, sample handling, land use, and land management practices; Table 1 ). All indicators exhibited relatively high standard deviations compared with the means (Table 1) , except for pH which is apparently effectively managed by farmers. The other chemical indicators (P, K, Mg, Fe, Mn, Zn) were the most variable and nonnormally distributed. Log 10 transformation was successful in obtaining skew and kurtosis measures close to zero for chemical indicators (except pH, which is already defined using a logarithmic scale). Normality of pH improved with log transformation for fine textured soils, likely related to the lower relative sample size (Table S4 ). Compared to physical and other biological indicators, AC most closely followed a normal distribution and had the lowest variability within textural groups.
Correlation Analysis
Pearson product-moment correlation coefficients were computed for every pair of soil health indicators to create a correlation matrix (Table 2) 
principal Component Analysis
PCA was used to further examine the relationships between CASH indicators, with the goal of defining their linear alignment (n = 930). Six PCs accounted for 74% of the total variability in the raw data set and fulfilled criteria outlined by Jolliffe (2002) of having eigenvalues greater than one and a cumulative fraction of total variance of at least 70% ( Fig. 2; Table 3 ).
PC1 accounted for 27% of the variance, with five variables having high positive loadings (OM > Prot > Resp > AC > WAS). PC2 had high positive loadings for pH, K, and Mg, and high negative loadings for Fe, representing 16% of the total variance. PC3 (9%) scores increased with increasing PR15 and PR45. For PC4 (7%), scores increased with increasing Root Health Rating (lower score) and decreasing AWC. PC5 (6%) had high negative loadings for P, Fe, and Zn and positive loadings for pH. Mn had high negative loadings for PC6 (5%). A two-dimensional visualization of the first two components (Fig. 2) showed little differentiation among textural groups. Samples were clustered slightly to the left side of the PC1 axis and equally spread out in the PC2 direction.
The relatively low explained variance for the primary PCs demonstrates the complexity of soil health assessment, but PCs did generally fall into categories that represent distinct soil processes: biological (PC1), chemical (PC2, PC5, PC6), and physical (PC3). The high dimensionality of the PC space (six with eigenvalues greater than one) and low dominance of the first PCs suggests that each indicator tends to represent a process that is differently expressed in each soil sample. These findings support the use of a multi-indicator assessment such as the CASH, rather than approaches targeting single or small sets of properties.
Best Subsets regression
A Best Subsets Regression (BSR) was performed where the overall soil health index was predicted using subsets of individual soil health indicator scores, starting with subsets numbers of 1, 2, 3, ... This approach evaluates which indicator(s) are most predictive of overall soil health, and are, therefore, most suitable for a simplified soil health assessment. It is noted that in the present analysis, the 15 indicator scores are used to calculate the overall soil health score through an unweighted mean, and then subsequently used as independent regression coefficients (i.e., it is recognized that they are not computationally independent). Therefore, the BSR analysis was limited to three variables in the prediction model.
When considering only a single variable, the three biological indicators AC, OM, and Resp were the most predictive of overall CASH score (R 2 -adj = 45.3%, 43.5%, and 35.8%, respectively; Table 4 ), corroborating the notion that soil organic matter (whether considering active, total, or mineralizable) is key to soil health (Magdoff and van Es, 2009) . AC is suggested as the best single CASH indicator, as it has the advantages of being readily measured in the field and more responsive to land management (Weil et al., 2003; Culman et al., 2012) .
Active Carbon is always an included predictor in the best subsets model when considering multiple CASH indicators (Table 4) . Penetration resistance (PR15 or PR45) combined with AC showed the highest predictability when considering two variables, indicating that the combination of a biological (AC) and physical (PR) indicator greatly improves predictability of overall CASH score (R 2 -adj = 57.2% for AC+PR15 and 59.5% for AC+PR45). When evaluating models with three CASH indicators, Resp increases predictability when supplemented with AC and PR measurements, reaching R 2 -adj values near 65%. It is concluded that (i) simplified soil health assessments can likely be performed at relatively low cost, possibly in the field, and (ii) biological and physical, rather than chemical, indicators incrementally contribute overall soil health information as measured by the CASH.
Comparisons of Soil health Indicators Between Textural groups
Descriptive statistics (mean, standard deviation, and sample size), p level from one-way ANOVA, and Tukey comparisons from the separation of the sample database by soil textural groups (no regions) are presented in Table 1 . Effects of textural group at the 95% confidence level were observed for all indicators except Resp and Root Health Rating. For WAS, PR15, PR45, Prot, P, Fe, and Zn, coarse samples had the highest relative mean values (α = 0.05). Medium textured soils had the highest mean Mn, with means that fell in the middle between coarse and fine for AWC, OM, AC, Prot, and Mg (α = 0.05). Fine textured soils had the highest mean AWC, OM, AC, K, and Mg (α = 0.05). Tukey comparisons between coarse and medium groups were insignificant for Prot, pH, and K (α = 0.05); comparisons between medium and fine were statistically insignificant for WAS, PR15, PR45, P, Fe, and Zn.
Available Water Capacity, OM, AC, and K were all lower for coarse-than fine-textured soils. These findings are in line with conventional expectations, as soils with relatively high clay content improve water storage, retain more soil organic matter, and act as a slow-release source of K (Brady and Weil, 2008) . In contrast, WAS, Prot, and P were all higher for coarse textured soils. These results were not expected, as the greater surface reactivity of clay-sized particles would be expected to promote soil aggregation and binding of OM and inorganic ions (Bronick and Lal, 2005) . Possible explanations include (i) higher Prot and P extraction efficiency for coarser soils, (ii) enhanced physical protection from raindrop impact provided by coarse sand-sized particles and related to the methodology of WAS determination, and/or (iii) sample bias, such as would result if submitted coarse samples have been previously managed to yield higher values (e.g., relatively more organic or livestock farms).
Comparisons of soil health indicators among regions
Results of one-way ANOVA by region for coarse, medium, and fine textural groupings (Tables 5, 6 , and 7) were performed to address a possible need to develop regional interpretations and scoring functions for soil health indicators. Sample distributions by state for each region are provided in Table S1 . Table 4 (n = 930). percent sand, silt, and clay were excluded from the analysis, and all textural groups were included. 
Coarse textural group
The mean sand, silt, and clay contents for all regions in this group is represented by the sandy loam class (Table 4 ). The MidAtlantic region had the highest mean percent sand (69%), the Northeast the highest mean percent silt (30%), and the Midwest the highest percent clay (9%). No statistically significant differences (a = 0.05) among regions were observed for PR45, Root Health Bioassay, Fe, or Zn. The Northeast region samples had the highest mean WAS and AWC (56.4% and 0.17 g g -1 , respectively; p < 0.001). For WAS, the lowest mean was observed for the Midwest (32.6%); for AWC, the Mid-Atlantic had the lowest mean (0.14 g g -1 ). The Northeast region had the highest mean values for all biological properties except Root Health Rating (for which low values are more favorable).
medium textural group
Samples of the medium textural group made up the largest proportion of the database and all subdatasets (Tables 6 and S1 ). The representative texture class in this group for all regions was silt loam. Midwest soils had higher relative mean silt and clay, and lower relative mean sand, compared to the mean of the other two regions (p < 0.001). Highly significant differences among regions were observed for all indicators (p < 0.001) except for PR15, P, Mg, and Zn (p < 0.1) and PR45 (not significant). Mean WAS was lowest in the Midwest (25.2%), nearly half that of the Northeast (48.8%). Mean AWC followed the opposite trend (i.e., lowest in the Northeast at 0.19 g g -1 and highest in the Midwest at 0.23 g g -1 ), likely reflecting overall regional differences in soil texture (i.e., higher silt and clay contents in the Midwest). Mean score (all texture groups, n = 930). vars is the number of variables included in each model, R 2 is coefficient of  determination, R 2 (adj) is adjusted R 2 , R 2 (pred) is predicted R 2 . root health rating was excluded from this analysis to PR15 was lowest in the Northeast (1050 kPa; p = 0.071) and mean Root Health Rating was highest in the Midwest. MidAtlantic medium textured soils had the highest mean for every biological indicator except Root Health Rating. Highest mean pH and Fe were observed in the Northeast (pH 6.41 and 6.7 ppm, respectively), highest mean P (23.2 ppm; p = 0.054), Mn (17.2 ppm; p < 0.001), and Zn (1.3 ppm; p < 0.001) in the Mid-Atlantic, and highest mean Mg (322.5 ppm; p = 0.091) in the Midwest. Mean K was higher in Midwest and Mid-Atlantic regions (172 and 164 ppm, respectively).
results of Best Subset regression (BSr) identifying the best-fitting regression models for CASh indicators as predictors of the overall CASh
fine textural group
The fine textural group had the lowest sample sizes. Regional analysis was limited to the Midwest and Northeast regions (only two samples from the Mid-Atlantic; Table 7 ). The representative texture class of this group for both regions was silty clay loam. Mean percent silt was higher and percent clay lower in the Midwest. No significant differences between regions were observed for Zn (p = 0.273). Regional comparisons between all other indicators were significant at p < 0.035. The Northeast had higher mean WAS, PR15, OM, Prot, Resp, pH, Fe, and Mn; the Midwest had higher AWC, Root Health Rating, P, K, and Mg.
Overall
These results offer insights into regional soil health differences that may be attributed to genetic and management factors. Somewhat unexpectedly, Midwest soils generally showed the least favorable mean values for the biological indicators (OM, AC, Prot, Resp, and Root Health Rating) and the physical indicators for medium textured soils. each cell contains the mean  (Stddev), n. AnOvA results are represented by the p level for region effect. nonmatching capital letters indicate statistically significant differences at a = 0.05 for Tukey comparisons between regions. note that pr15, pr45 and root indicator WAS. This was especially evident for the numerically dominant medium textured soils. These findings counter the common notion that Midwestern soils are of superior quality for agriculture than those in other regions, as well as critiques that soil health assessments are inherently biased to favor Mollisols or similar soil orders (Sojka et al., 2003; Sojka and Upchurch, 1999) . There are a few likely explanations for these findings. First, there is imperfection in the representation of samples due to a nondeliberate sampling design. Furthermore, Northeast and Mid-Atlantic samples generally receive greater organic inputs (especially manure), are more often managed to include rotations with perennial crops, and are more likely to be part of an organic farming system. In contrast, in the Midwest, intensive row cropping and fertilization with synthetic chemicals is relatively more common, and the soils appear to have slightly different textural components (i.e., more silt in the medium-and fine-textured groups, possibly related to more prevalent aeolian soil origins). In all, we infer from the large sample numbers, and the often highly significant regional differences observed, that the soil health dissimilarities are real, although confirmation through follow-up studies is warranted.
Scoring functions
Informed by the results of this investigation into regional differences in soil health measures, CASH scoring functions were updated for use in reports of laboratory assessments provided to clients. For generic reporting without geographic considerations, the mean of the means and standard deviations of each region were determined for physical and biological indicators (i.e., accounting for regional differences in sample size). With acknowledgment of possible bias in the CSHL database and reflecting some necessary adjustment based on expert knowledge, client feedback, and experimental trials (unpublished data), the updated CASH scoring functions for physical and biological indicators are provided in Table 8 . The overall effect of the 2016 changes is that measured values tend to be scored marginally higher and be more sensitive to change. All scores are interpreted using a fivecolor scale (red, orange, yellow, light green, dark green) to classify values as very low (0-20), low (20-40), medium (40-60), high (60-80), and very high (80-100), respectively (Fig. 3, 4) .
Higher scores are associated with better soil health. Most physical and biological indicators are scored using a 'more is better' function, where scores are higher with increasing measured values. Scoring functions for penetration resistance (PR15 and PR45) and Root Health Rating use 'less is better' curves, where lower measured values or ratings are assigned a higher score. Scoring functions are textural group-dependent for all physical and biological indicators except PR15, PR45, Resp, and Root Health Rating.
Soil pH is scored using an optimum function, where values ranging from 6.3 to 7.2 are considered optimal (i.e., score = 100) for the availability of plant nutrient elements (Truog, 1947) , ag- ricultural crop growth (Cornell Cooperative Extension, 1987) , and soil microbial activity (Sylvia et al., 2005) . A score of 0 is assigned when pH ≤ 5.4 or pH ≥ 7.7, with linear interpolation from the optimum values. A separate function is used for acidloving crops, such as blueberries (Vaccinium corymbosum L.) or potatoes (Solanum tuberosum L.), set one pH unit lower (i.e., pH 5.3-to-6.2 is optimum, etc.). Extractable-P also uses an optimum scoring function, where concentrations ranging from 3.5-to-21.5 ppm are scored as 100. Negative impacts are expected when P is deficient (≤ 0.45 ppm) or excessive (≥ 100 ppm); in both cases, values are scored as 0 and interpolations are made from the optimum values. For Extractable-K, the scoring function is 'more is better, ' where values greater than 74 ppm are scored as 100.
Secondary nutrients (Mg, Fe, Mn, Zn) are scored using a subscoring system (Fig. 4d) . Each nutrient is assigned a sub-score of either 0 (suboptimum) or 100 (optimum) depending on mea- sured values. The average of the four nutrient subscores is used to determine the secondary nutrient score. Suboptimal conditions for soil health are indicated when Mg and Zn are too low (< 33 ppm and < 0.25 ppm, respectively) and Fe and Mn are too high (> 25 ppm and > 50 ppm, respectively; Bing et al., 2011; Ganoe et al., 2007; Hong et al., 2010; Cornell Cooperative Extension, 2002) . The percentage of samples having suboptimal secondary element concentrations was generally low in our dataset (3.8% for Mg, 2.6% for Fe, 1.0% for Mn, and 7.2% for Zn).
The overall soil health index is calculated by the unweighted mean of individual indicator scores (secondary nutrients are combined into a single metric, as described above). Regional scoring functions can similarly be developed based on the regional soil health statistics (CND function, mean and standard deviation; Tables 5, 6 , and 7).
COnCluSIOnS
The CASH approach evolved from extensive research (Andrews et al., 2004; Moebius et al., 2007; Idowu et al., 2009) followed by a decade of commercial assessment of soil samples that yielded a large database (especially for the Northeast United States) with multiple measured soil health indicators. An investigation into regional differences (Mid-Atlantic, Midwest, and Northeast) by textural group found significant differences in mean measured values for most physical, biological, and chemical properties. Results were used to develop new CASH scoring functions, which are supported by the quantitative analysis of a geographically diverse dataset. Evidence suggests that the development of region-specific scoring functions may be appropriate after more complete regional soil health data analyses.
Multivariate analysis of the dataset revealed that some indicators (especially biological) are correlated, but still have sufficient levels of orthogonality that suggest independent effects. For example, most biological indicators show correlations with OM content, but still add additional information on the quality of the OM. Yet, the BSR analysis revealed that AC (and secondarily OM) was the best single predictor of overall CASH score, and that PR measurements were additionally informative, followed by Resp and WAS. These results suggest possibilities for simplified soil health assessments, although less informative than the comprehensive test. Chemical indicators exhibited little correlation with biological and physical indicators, supporting the notion that the nutrient status of agricultural soils has generally been independently managed through fertilizer and lime additions with little relation to other attributes of soil health. We conclude that the CASH approach can be successfully applied, with possible regional parameterization, to evaluate the soil health status of soils with differing pedogenetic histories.
SupplemenTArY mATerIAl
Four supplementary tables are available online. Table S1 shows states included in the Mid-Atlantic, Midwest, and Northeast regions of the United States and the number of samples from each state analyzed, sorted by textural grouping. Table S2 shows summary statistics for all course textured soils without regional separation. Table S3 shows summary statistics for all medium textured soils without regional separation. Table S4 shows summary statistics for all fine textured soils without regional separation.
